comment reviews reports deposited research interactions information refereed research
Background
The notion of differential expression is central to the identification of target genes of biomedical interest [1] . At the transcriptome level, differentially expressed genes are defined as those exhibiting markedly different amounts of cognate mRNA in one particular tissue, disease or developmental stage, compared with other tissues. Differential expression is involved in various processes, such as development, metabolism, cellular differentiation or pathological states. The identification of differentially expressed genes directs the development of functional assays to understand those biological processes. The analysis of coexpression of differentially expressed genes is also of biomedical interest. Coexpressed genes are defined by their correlated expression patterns in time or in space. Genes involved in a common cellular function (for example, within a metabolic pathway or encoding interacting proteins) often display significant coexpression. Coexpressed genes might be co-regulated, through common regulatory elements (transcription factor, transcription signal). Coexpression can be used to guide the comparative analyses of promoter regions by enhancing our capacity to identify the weak signature of regulation elements [2] .
The most convenient approaches to study differential expression and coexpression use measurements of mRNA abundance. Although mRNA is not the ultimate product of a gene, and that mature protein levels in a cell do not show perfect correlation with the abundance of mRNA [3, 4] , transcriptional activity and its variation are useful indicators of the involvement of a given gene in a given physiological process. Gene-expression profiling is increasingly carried out using hybridization on various types of microarrays and DNA chips [5] . These techniques are, however, not yet widely available, and have intrinsic limitations of cost and reproducibility. They are not convenient for the comparison of multiple tissues, as they usually require normalization to the same control sample. Moreover, they require access to human tissue samples and can only measure the expression level of the predetermined set of genes spotted on the array.
In 1992, Okubo et al. [6] proposed the use of large-scale random 3-end cDNA library sequencing (3 expressed sequence tags; ESTs) as a way of estimating the level of gene expression. The abundance of mRNA is simply estimated from the number of cognate ESTs found in each library, under the assumption that it is proportional to the transcript frequencies. This 'digital' approach has become very popular (reviewed in [1] ); it has the advantage that the expression data for each gene in every tissue tested can be stored in easily accessible databases, once and for all. The detection of mRNA does not depend on a common control, in contrast to the popular microarray protocol [7] , nor does it require access to actual tissue samples. In addition, the EST approach allows the detection of novel genes (or splice variants) expressed in a given sample. As we do not know in advance which genes are to be found expressed in the heart, EST data is well suited to our project.
As cardiovascular diseases are the first cause of death worldwide, the analysis of cardiac genes is of major interest. In this study we have identified genes differentially expressed in the human heart, using their EST frequency in various human adult libraries. We followed a four-step protocol: first, the ESTs detected in the various heart cDNA libraries were assembled in separate contigs, representing genes expressed in the heart; second, we calculated the probability of differential expression in the heart for each contig, using our previously published statistical test [8] ; third, we computed the pairwise correlation of the expression profiles of the contigs found to be differentially expressed in the heart; fourth, we clustered the contigs according to their coexpression level, and represented them as a dendrogram.
On the basis of this approach, we identified a set of new genes specifically overexpressed in the heart and with no previously recognized cardiac function. By locating these genes in the human genome sequence, we identified candidate genes for cardiovascular diseases and gathered the first collection of cardiac gene promoter sequences. The analysis of this collection for the first time suggests a pattern of regulatory elements that appear to characterize the promoters of at least a subset of heart-specific genes.
Results

Heart expression of contigs
We first generated contigs representing genes expressed in the heart, as described in Materials and methods. Cardiac ESTs were grouped into 194 clusters, from which 220 contigs were constructed. Such contigs represent heart transcripts.
Heart-specific expression of contigs
We then identified contigs specifically expressed in the heart. Contigs were classified as differentially expressed in the heart on the basis of our previously published statistical test [8] . This test calculates the probability for a gene to be equally expressed in two different conditions given the observed distribution of tag counts. Small probabilities (p-values) are thus associated with asymmetrical distributions characterizing differentially expressed genes. The probability of differential expression was here computed between cardiac versus non-cardiac libraries. Contigs associated with p-values < 0.03 of being expressed at the same level in the two pools were classified as differentially expressed in the heart (see Materials and methods). Of the 220 contigs, 68 were defined as significantly overexpressed in the heart (Table 1) , no underexpressed contigs were found.
The expression profile was then derived for each of the 68 contigs. For each of the 438 EST libraries, the contig expression level was computed as the fraction of ESTs matching the contig, relative to the total number of ESTs in the library. The final gene-expression data was thus transformed in a 68 contigs x 438 libraries matrix. This matrix was the basis of all subsequent computations.
Coexpression of contigs and dendrogram representation Coexpression of contigs
To identify coexpressed contigs, that is contigs exhibiting a similar expression pattern, we looked for significant similarities between their expression profiles, that is, between the rows of the 68 x 438 matrix described above. The pairwise Pearson linear correlation coefficient was computed between all pairs of expression profiles resulting into a 68 x 68 symmetrical matrix. The coefficient ranges from -1 (opposite pattern) to +1 (fully correlated pattern). Near-zero values indicate no association. The coexpression between the 68 genes was displayed in a dendrogram ( Figure 1 ) built from the 68 x 68 correlation matrix (see Materials and methods). The branch length between two contigs reflects their distance in terms of expression pattern; thus highly coexpressed contigs are close to one another in the dendrogram.
Function of contigs
In the dendrogram, the putative functions of the contigs were annotated according to their best match in GenBank release 128.0 (see Materials and methods). When a high similarity was found between a contig and a GenBank entry, we assigned the describe function to the contig. 'X' was used to denote the absence of known function. NHF (no hits found) was used to denote the absence, or low quality, of matches. Then, cross-comparison of contigs was used to eliminate those originating from the same genes. As expected, these contigs were found very close to each other on the dendrogram, thus serving as internal controls for our study. The elimination of these duplicates resulted in a final total of 39 unique contigs, qualified as 'genes' (Figure 1 , Table 2 ).
Analysis of function
Among these genes, 15 corresponded to functions expected to be highly expressed in the heart, such as NADH dehydrogenase ubiquinone (NM_002489) for energy production, myosin (XM_027060, XM_033374, XM_032189 and XM_004995), tropomyosin (NM_000366) and actin (BC009978), involved in muscle contraction, and to proteins such as colligin (NM_001235) that interact with the abundant heart collagen. Thirteen of the remaining genes exhibited no obvious relationship to the physiology of the heart. Finally, 11 genes had no functional attribute (noted as X, NHF, KIAA or HSP).
Analysis of the dendrogram
Interestingly, most of the genes with related functions clustered together in the dendrogram. Four clusters were obvious: one of contractile proteins (isoforms of tropomyosin -TG72_14, TG114, TG131 -and myosin TG132_7), a second of troponin isoforms (TG13 and TG154_9), a third of genes without a match in GenBank (NHF), and a fourth due to contamination by Escherichia coli sequences. These vector sequences were not masked in the previous step because they were not included in the RepeatMasker and RepBase databases. These four E. coli sequences were removed from further consideration.
Muscle contribution of cardiac-specific genes
The goal of this study is to identify genes specifically related to the heart physiology. However, this organ is a muscle, and is likely to share similar gene expression with other muscles. The protocol we used to identify heart-specific genes involved the comparison of EST frequencies computed in the merged heart libraries versus the frequencies computed in all other tissue types. The later pool included muscle libraries, but their contribution was diluted with other tissue types. It was thus possible that genes generally overexpressed in muscles were not eliminated in the initial identification of the heart genes. To address this problem, muscle-specific genes were identified by comparison of EST frequencies between all non-muscular tissues versus noncardiac muscle libraries. Using the same p-value threshold of 0.03, 1,156 contigs were found overexpressed in muscle. Five of the previously identified heart-specific genes were found within this list ( Figure 1 ). Unsurprisingly, they all corresponded to contractile proteins and four of them clustered together on the dendrogram.
Chromosomal localization
To determine the genomic location of the 35 remaining candidate heart-specific genes, they were used as query sequences to search the human genome sequence. A cognate match was found for 32/35 (89%) of the genes. As expected, most of the genes had several partial matches in close proximity along the human genome, separated by some hundreds of nucleotides, corresponding to introns. Most of these genes have been previously linked to a specific chromosome by different techniques. To avoid mapping our candidate genes to potential pseudogenes, we only retained matches on the specific chromosome. The absence of matches can be attributed to the incomplete status of the human genome sequence and/or to the difficulty of identifying short segments of similarity spread over long genomic regions.
We then searched for potential links with cardiovascular diseases. We compared the location of our heart-specific genes to the genetic loci of monogenic diseases associated with cardiovascular defects using Online Mendelian Inheritance in Man (OMIM) [9] . Among the 32 genes, five had been previously reported as responsible for such a disease. We also identified a gene within a locus of a bleeding disorder (Modifier of von Willebrand factor, OMIM: 601628). On the dendrogram, this gene is close to two of the genes responsible for cardiovascular diseases (Table 3) . About 300 diseases with cardiovascular symptoms are known. If we assume that each of these diseases is due to just one gene, then one gene in a hundred is involved in a cardiovascular disease (300 cardiovascular diseases over the 30,000 predicted genes of the human genome). Out of 32 genes, we found six genes, one being a candidate, associated with cardiovascular disorders. There is thus a low probability that the candidate gene is located by chance near a locus associated with a bleeding disorder. 
Figure 1
Dendrogram of correlation in the expression of 'heart-specific' genes. Each gene is identified by a number (see Table 3 ) and its function. X denotes an unknown function, NHF (no hits found) denotes genes with no similar sequence in GenBank, E. coli denotes probable E. coli sequence contamination. Genes exhibiting significant overexpression in both heart and generic muscle libraries are boxed in red.
Collection and analysis of promoter sequences
As the 32 genes all appear (statistically) to be specifically expressed in the heart, one might suspect that they share some regulatory elements. Our final step was to analyze their regulatory regions. Core promoter regions were operationally defined as the 1,000 bases upstream of the transcription start site (TSS), if known, up to the end of the 5-UTR (that is, to the site of translation initiation). The core promoter regions of 17 cardiac genes with known TSSs were extracted. This collection of promoters is the first database of heart promoter sequences and is available at [10] . Three types of regulatory element were searched for: polymerase II promoter elements, known transcription factor sites and new motifs common to most of these promoter sequences.
Core promoter regions were analyzed by first locating the polymerase II promoter elements using Tfbind [11] with the TRANSFAC matrix V$CAAT, V$CAP, V$TATA and V$GC. Known transcription factor sites were searched for using MatInspector [12] and only those common to the 17 promoter sequences were considered. New motifs were searched for using MEME and two complex combinations of motifs common to five promoter sequences were detected. The combination pattern and location of the detected Table 2 Accession number in GenBank and function of the heart-specific genes from Figure 1 Gene name in Accession number Function Heart physiology Figure 1 in GenBank relation elements are shown in Figure 2 . Over-represented oligonucleotides ('words') were also identified using RSA-tools [13] and are listed in Table 4 . None of the over-represented word or MEME combination corresponds to previously known patterns and may define new regulatory elements. Interestingly, we noticed that the combination of at least three elements out of five (GKLF, Tcf11_Rora, Tcf11_AP1C and both MEME combinations) were present in seven promoter sequences, five of them being associated with genes known to be highly expressed in the heart.
Discussion
The present analysis of cardiac ESTs identified 35 genes as being differentially expressed in the heart. After clustering these genes on the basis of the correlation of their expression profiles, genes with known related function appeared as close neighbors on the resulting tree. They might thus share regulatory regions. The initial analysis was done with a dbEST release of September 1999. To ensure the specificity of the originally identified 32 heart-specific genes, we revalidated them in the light of the most recent dbEST release (February 2002).
Studies based on ESTs and on variation in expression require rigorous statistical validation. As the identification of changes in expression level on the basis of quotients of very small relative abundance is not very meaningful, many methods have been developed to evaluate variation in expression level (see [1] for a review). We used a previously published test [8] estimating the probability of differential expression for a gene between two pools of ESTs (cardiac versus non-cardiac) and able to detect a weak differential expression provided the absolute number of tag counts is large enough. Assuming a probabilistic model, this test calculates the probability of observing y ESTs in library B given that we observed x ESTs in library A, a low probability indicating a high differential expression of the cognate gene over the two libraries. This test was independently validated by others and, in a comparative analysis of statistical tests evaluating differential gene expression, it was found to be the most appropriate for pairwise comparisons of EST libraries [14] .
Our approach suffers from several obvious limitations, shared by all EST-based analyses. First, mRNA level does not always correlate with protein abundance in the cell; thus the EST analyses are not representative of the proteome of a cell. However, these problems also apply to the more expensive and sophisticated microarray techniques. Second, the abundance of transcripts detected depends on the initial EST number: starting with 4,303 cardiac ESTs, only highly expressed genes are expected to show up in our final list of genes. Nevertheless, highly expressed genes are expected to have a significant impact on the physiology and pathology of the heart. Unlike other studies [15, 16] , we removed from our study genes represented by a single EST (singletons), thus decreasing the overall number of ESTs in consideration, but considerably reducing the danger of taking in the artifacts induced by this unreliable data.
Using an EST approach, Hwang et al. [16] characterized gene transcription and identified genes overexpressed in cardiac hypertrophy. They generated about 77,000 ESTs, half of them corresponding to 5,000 unique known genes and expressed in the heart. A large fraction of those genes may be represented by very-low-copy ESTs (singletons) that may arise from tissue contamination (for example by blood). Moreover, this count cannot be used to estimate the expression level of cardiac genes because the EST frequency is not given. A larger number of ESTs would thus be required to increase the sensitivity of our study. Although more cardiac ESTs were recently generated, none of them was used in our study because they were all generated from normalized libraries.
Protocols using EST numbers to estimate gene-expression levels were successfully used in previous studies [17] [18] [19] . For instance, Bortoluzzi et al. [19] reconstructed the human adult skeletal muscle transcriptional profile where they found a good agreement between their results and a SAGE (serial analysis of gene expression) experiment.
We compared our results to previous EST analyses of the heart transcriptome [15, 16, 20] . Each cardiac gene (except TG106, TG110, TG90 and TG94) given in our list was found in at least one of these studies. We also noticed that these lists are not exactly similar and that some genes were detected in one study only.
We also compared our results to experimental studies of the human transcriptome. We considered three analyses, two based on EST counting [18, 19] and one based on microarray data [21] . For the 15 genes found to be specifically expressed in the heart and with no previously known cardiac specificity, nine were found upregulated in the heart by at least one of these studies. Three were not found to be specific to the heart, but as they have a function related to contractile proteins (myosin regulation or similarity with a protein binding actin), their expression in the heart is not surprising. Three others were not found to be heart-specific in any of these studies (Table 5 ).
We generated genes starting from ESTs found in cardiac libraries, thus focusing on genes expressed in the heart. In general, these genes can be expressed in other tissues as well. For example, genes involved in energy metabolism and in contraction are highly expressed in the heart, as well as in muscle and sperm [22] . Those cell types require energy and involve muscle contraction or motility. As the heart is a vascular and a muscular organ, identifying 'truly' heartspecific genes (that is, those involved in vascular function) requires elimination of genes specifically overexpressed in generic muscular tissues. Some genes encode proteins with multiple splice isoforms (such as the contractile proteins); some of these are specific to skeletal muscle and others to heart muscle. Such genes were analyzed more precisely to find out exactly which isoform was involved. The isoforms found in this study are known to be expressed in the heart or in all muscle cells: no isoforms specific to skeletal muscle were found.
We identified 35 genes likely to be involved in heart-specific functions, either vascular or neuro-muscular. Five were previously known as disease genes with cardiovascular symptoms, and one gene, clustering close to other disease-linked genes in the dendrogram, lies near a locus associated with a bleeding disorder (OMIM: 60162). This direct validation of our approach allows us to propose that the remaining heartspecific genes identified in this study might be of biomedical interest. Such genes are candidates for further linkage analysis.
Through a computational analysis of the promoter regions of these cardiac genes, we identified a combination of five main motifs that could participate in their specific expression. These motifs should not be considered as individual Tcf11_Rora Tcf11_AP1_C  CAAT GKLF GC TATA CAP   TG109  TG110  /  /  TG114  /  /  TG121  /  /  TG126  TG13  /  / /  /  TG131  /  / /  /  TG132_7  /  / /  /  TG154  TG158  /  / /  /  TG22  TG3_168  TG55  TG78  /  /  TG81  TG87  TG97 X X X X X X X X X X X X X X X X X elements but as a module of organized elements (in position, order and/or distance) controlling gene expression [23] . As all the genes specifically expressed in a tissue are not expected to be regulated by the same elements, the combination revealed in this study may be involved in the regulation of a subset of cardiac genes. Of 17 genes, five have this combination in their promoters and may constitute this subset, or a part of this subset. The combination was searched for in the human sequences in the Eukaryotic Promoter Database (EPD). Eighteen promoters from EPD have this combination, half of them being promoters of cardiac genes and thus co-regulated with the genes identified in this study. Others may be promoters of genes whose cardiac activity has not previously been recognized.
Homologous genes in related organisms often share the same regulatory elements. As most of the mouse genome is now available, the motif combination was searched for in the promoters of mouse orthologs. No identical combination of elements was found in the orthologous mouse promoter regions, probably because of evolutionary divergence. The absence of identifiable conservation of these motifs suggests that they may be involved in the fine regulation of a subset of cardiac genes rather than in 'constitutive' cardiac expression.
Materials and methods
EST databases and contigs
Human ESTs were extracted from dbEST (September 1999) [24] . To avoid variation due to disease or development stages we eliminated libraries from diseased, fetal or infant tissues, and libraries pooled, subtracted or normalized. Libraries were eliminated by parsing their description field for the terms: unpublished results) and RepBase [25] . After these steps 309,904 ESTs remained. A set of 4,303 'cardiac' ESTs was extracted from this total set, representing 4% of the total human heart ESTs (Table 6 ). ESTs sharing stretches of high sequence identity (score > 40 and e-value < 10 -5 ) were grouped into 194 clusters using BLAST 2.0.8 [26] . From each cluster, contigs of overlapping ESTs were built using CAP1 [27] and extended using other libraries in an iterative manner; 220 contigs were obtained. ESTs without a match (singletons) after the whole procedure were discarded. Given that the assembly of an EST cluster could result in several consensus sequences, we obtained more contigs than clusters. As one gene corresponds to one cluster, some genes could initially be represented by more than one contig. These 'duplicate' cases served as internal controls (related contigs appearing as coexpressed) and were eliminated at the final stage of our analysis.
Differential gene expression
To assess its differential expression, every contig was compared to the total EST set for high stringency (P-value < 10 -20 ). For each contig, the hit list of cognate matches was then separated into two groups: ESTs from cardiac libraries versus any other libraries. Given the count of cognate ESTs and the total number of ESTs in both groups, we evaluated the differential expression of the contig in heart.
The statistical significance of the difference in frequencies (x/N 1, y/N 2 ) between these two groups was computed according to [8] :
with:
where x and y are the numbers of ESTs, respectively, from cardiac libraries and from others matching the contig, and N 1 and N 2 are the total numbers of ESTs, respectively, from cardiac libraries and from others. A p-value < 3% threshold was used to classify contigs as selectively expressed in the heart. This limit was chosen as a compromise between the predicted rate of false positives (0.03 x 220 = 6.6) and retaining enough potential candidates for the remainder of the study. The p-value here is not taken as a way to assess the actual statistical significance of the result, but as the rational way to prioritize our study [12] .
Expression profile and correlation
The expression profile of each contig was computed from the number of cognate ESTs in each library constituting the total EST set relative to the total number of ESTs in the library. All expression profiles were stored in a matrix with rows corresponding to contigs and columns corresponding to libraries. Element M ij of the matrix corresponds to the relative frequency of cognate ESTs for contig i in library j.
The similarity of expression profile between contigs was estimated by computing the value of Pearson's r coefficient in a pairwise manner between each row. This coefficient takes values within the [-1, +1] range. Values close to 0 indicate no correlation, positive values denote a positive correlation (contigs going up and down together), and negative values denote opposite patterns of contig expression. A matrix of pairwise gene distances was then derived from the correlation matrix.
Distance matrix and tree representation
The hierarchical classification of objects requires the calculation of a matrix of their pairwise distances. The contig correlation matrix constructed previously was turned into Adult heart muscle such a distance matrix by computing the Euclidean distance d between genes X and Y from the columns of the correlation matrix:
The resulting distance matrix was then displayed as a dendrogram, using the UPGMA (unweighted pair group method with arithmetic means) algorithm [28] , as implemented in the Neighbor program [29] .
Identification of homologous sequences
Contigs were functionally annotated by querying GenBank (release 128.0) with the program BLAST, version 2.0.8. Cognate matches were initially identified using a threshold of 98% sequence identity, followed by an extensive bibliographical analysis of the matching entry.
To locate the genes on the human genome, we compared their sequences to the human draft, daily updated, and available online at the National Center for Biotechnology Information (NCBI) [30] . If 70% of the query length matched the genomic sequence with a score > 200, the query sequence was considered as being successfully located in the human genome. As genes were built from ESTs, they represent gene transcripts. As expected, many of the genomic matches were found to be separated by intron sequences.
Collection and analysis of promoter sequences
We further analyzed the putative promoter/regulatory sequences of the candidate genes for which a transcription start site (TSS) was previously identified. Seventeen core promoter regions were thus extracted from the human genome sequence assembly as the 1,000 bases upstream of the TSS and the 5-UTR. These sequences constitute the first collection of putative heart specific promoters and are available at [10] . We analyzed these regulatory regions by locating polymerase II promoter elements and by searching for known and new regulatory elements common to all the sequences. As we were searching for new elements, we did not consider the known cardiac sites (such as GATA and Sp1).
Polymerase II promoter elements were determined with Tfbind [31], considering the TRANSFAC matrix V$CAAT, V$GC, V$TATA, and V$CAP only. We only retained the matches found at the expected locations: in the -105 to -70 region for the CAAT box, in the -74 to -45 region for the GC box, in the -20 to -30 region for the TATA box, and in the -5 to +5 region for the CAP box; +1 being the transcription start site (TSS). Known transcription factor sites (limited to the vertebrate matrix group) were searched for using MatInspector and the TRANSFAC database [32] . Default parameters were used.
Over-represented words were identified using RSA-tools [33] . Oligonucleotides (4 to 8 residues in size) were counted on both strands, to detect orientation-insensitive elements. The expected frequency was calculated from the human promoters of the EPD release 70 [34, 35] . Only slight differences were observed when changing pseudo-weights from 0.10 to 0.20. Other parameters were kept to their default values. MEME version 3.0 [36, 37] was used to reveal new motifs that might be common to all the promoter sequences. Motifs with a number of sites between 2 and 300 and a width from 6 to 50 nucleotides were searched for.
The EPD database release 71 [33] was used to get the background sequences.
